After the publication of Ravallion's (1988) seminal work on chronic and transient poverty, wide attention has been given to the components of poverty. We propose a Bayesian mixture model to measure poverty and divide it into chronic and the transient poverty using the Foster, Greer and Thorbecke (FGT) measure. These two types of poverty are illustrated using the Panel Study of Income Dynamics (PSID) data.
Introduction
Conquering poverty has been one of the most important problems for not only national but also international society. Although there is a huge amount of international and domestic aid for societies and people suffering from poverty, the fact that poverty does not vanish poses difficult questions about how to deal with it. It is likely that policies and measures aimed at eradicating poverty have not matched with types of poverty. Policy-makers should notice the characteristics of the type of poverty in question and adopt policies that correspond to it. It has been pointed out recently that there are two components of poverty observed. They are "transient poverty" and "chronic poverty." In Jalan and Ravallion (1998) , transient poverty is considered as poverty that arises due to variability in income or consumption over time and chronic poverty is considered as poverty that persists in mean consumption over time.
In the seminal study by Ravallion (1988) components of poverty are distinguished by examining the relationship between risk and poverty. Households in the agriculture sector, for example, face risk due to weather that causes variability in their income. When an index that measures poverty, the headcount ratio for example, rises above, or falls below, the poverty line as a result of social mobility in the population, we cannot say definitely whether the change is led by households which cross the poverty line temporarily because of the risk they face. Ravallion (1988) examines, "whether risk induced welfare variability increases or decreases aggregate poverty,"
1 and shows the importance of distinguishing transient poverty from chronic poverty. The article defines these two components of poverty and presents a method for measuring them empirically with panel data for households in dry regions of Central India by using the poverty measure proposed by Foster, Greer ant Thorbecke (FGT) (1984) .
Thereafter, some empirical analyses to distinguish transient poverty from chronic poverty have been presented. Since considerable transient poverty is found in the consumption panel data of Hungarian households used in Ravallion et al. (1995) and that of the region of rural China in Jalan and Ravallion (1998) , it has been confirmed that differences in the two types of poverty play an important role when choosing a policy for dealing with poverty. Gibson (2001) proposed a new method for decomposing cross-sectional poverty estimates into chronic and transient components using household survey data from Papua New Guinea.
Most of the earlier studies, however, only report values for three types of poverty measures descriptively, and do not use statistical inference. The purpose of this article is to introduce a statistical model and propose a Bayesian approach for estimating chronic poverty and transient poverty. We begin by introducing a multivariate distribution for panel data on income. Since the multivariate distribution may possess a complicated form, we use a finite mixture of normal distributions for income.
2 Ferguson (1983) suggests that an arbitrary probability density function on the real line can be approximated by a countable mixture of normal densities. We are, therefore, able to obtain a rich class of distributions for the income distribution. The finite mixture model in the Bayesian context was developed by Diebolt and Robert (1994) . Diebolt and Robert (1994) assume that the number of components, say k, is known. Recently, Richardson and Green (1997) and Stephens (2000) consider the case where k is unknown. Richardson and Green (1997) use the reversible jump method (Green, 1995) that requires the complex calculation of a Jacobian matrix, while Stephens (2000) proposes an alternative to the reversible jump method by using the birth-death process. In this article, the method in Stephens (2000) is used for practical reasons.
3
The Bayesian approach has several advantages when estimating poverty. In 1 See Ravallion (1988 Ravallion ( , p.1172 . 2 For a mixture model for income distribution, see Pittau and Zelli (2004) and Pittau (2005) . 3 As Hurn et al. (2003) comment, both methods are equally valid on theoretical grounds. However, the birth-death procedure avoids the complex calculation of a Jacobian that is required in the reversible jump method. Furthermore, the implementation of the birth-death procedure is independent of the MCMC algorithm (Hurn et al., 2003, p.70) .
the context of survey data, observed income data usually suffers from survey errors, such as interviewer's error (Groves, 1989) . This corresponds to the 'errorsin-variables (EIV) model' in econometrics. There are two ways of incorporating the necessary information: the non-Bayesian and Bayesian approaches. In the non-Bayesian approach, the EIV model can be estimated using instrumental variables (IV). In the Bayesian approach, no additional variation data (i.e., IV) are required and a prior information on errors is incorporated instead.
4 This enables us to measure poverty based on not only observed data, but also the true income excluded by errors in the observed data. On the contrary, it is difficult to calculate poverty measure from unobserved true income using the non-Bayesian approach.
Our Bayesian approach also has the advantage that the model permits heterogeneity in individual incomes. This approach divides individual income into several income groups as part of the estimation procedure. In this sense, the possibility of dependency among individual incomes exists, although they are assumed to be independent.
5 Bayesian posterior analysis is often associated with a computational burden. However, using a recent development in the Markov chain Monte Carlo (MCMC) method, posterior analysis can be implemented easily.
We estimate the FGT poverty measures for total, chronic and transient poverty using samples from the posterior distributions of the observed and unobserved data. In order to verify the effectiveness of our method, we define the posterior intervals. These intervals include poverty measures by Ravallion's method. The chronic poverty measure based on the posterior results for unobserved true data can be regarded as a poverty measure for a stationary state. Comparing this chronic poverty and the total poverty derived from the observed data, we can measure the difference between total poverty in the data, which is predicted to be observed, and true poverty.
This article is organized as follows. In Section 2, we present a Bayesian mixture model for density estimation. In Section 3, the poverty measures for three types of poverty (total poverty, chronic poverty and transient poverty) are described. In Section 4, an application of our approach to the Panel Study of Income Dynamics (PSID) data is provided for illustration. Finally, in Section 5, a brief summary and some extensions of our approach are given.
Bayesian Mixture Model

The Basic Model and Ravallion's Decomposition
Let X it denote the income of the ith individual (or household) at period t. We use x it as a logarithm of X it , that is x it = log X it . It is assumed that x it is generated by the following model:
In (1), μ i is the ith individual's steady-state logarithm of income and is assumed to be constant over time. u it is a transitory component that determines the deviation from the steady-state logarithm of income over time. Ravallion (1988) proposed a method for decomposing total poverty into chronic and transient components. Following Ravallion (1988) and Jalan and Ravallion (1998), we define total, chronic and transient poverties. Let Υ denote a poverty line and υ = log Υ. We also use the poverty measure proposed by Foster, Greer and Thorbecke (FGT) (1984) . The discrete formulation of FGT at period t is defined as
where ζ ≥ 0 is a sensitivity parameter of the poverty measure. Since the steadystate logarithm of income μ i is unobservable, Ravallion's decomposition replaces
X it /T . Thus, total, chronic and transient poverties are defined as follows:
Chronic poverty:
Transient poverty:
The poverty measures defined in (3), (4) and (5) are descriptive. Alternatively, in this article we begin by introducing a statistical model for
It is difficult to estimate a multivariate density of x i using a single distribution. Therefore, we assume that the distribution of x i is a mixture of normal distributions with k components. That is,
Once we have estimated the income distribution of x i , we can use the distribution for calculating Ravallion's poverty indices. In the next subsection, we extend the mixture model (6) to a model with errors-in-variables and present the estimation method by using simulation-based Bayesian statistics.
Bayesian Mixture Model with Errors-in-Variables
Observed income data are collected from surveys, so that the data usually suffers from survey errors, such as interviewer's errors and errors due to respondents. We, therefore, introduce explicitly the errors in the observed income. Now, it is considered that x it in (6) is logarithm of unobserved true income and observed income is denoted by Y it . Let us define y it = log Y it , and assume that y it is generated by the following model:
where it is an error term. (7) is summarized as
Here x i is not a vector of observations, but can be considered as a vector of unobserved parameters. So in our Bayesian context, (6) is regarded as a prior of x i . We also assume that i is normally distributed. That is,
where θ is a vector of other parameters except for x i 's. To complete the Bayesian model, we introduce the following prior distributions:
where When considering a mixture distribution, it is convenient to introduce latent variables z i with a probability mass function:
Integrating out z i , we have the model (9):
Using the latent variables z, we can classify x 1 , · · · , x n . Let us define a set I j = {i|z i = j} and a number of observations allocated to class j, say n j = #{i|z i = j}. We can derive the full conditional distributions (FCD) of θ, x i and
(17)
where Ψ = diag{σ
on the values of all other parameters. Since the data y and the predictive dataỹ are conditionally independent given θ * = {θ, x, z}, the predictive distribution can be written as follows:
Therefore, p(ỹ|θ * ) can be used to estimate poverty indices for y. The degrees of heterogeneity of income are usually unknown. The number of components in the mixture model k is, therefore, also unknown. When k is unknown, we can use the reversible jump method (Richardson and Green, 1997) and its alternative proposed by Stephens (2000) , which is based on the birthdeath process. Following Hurn et al. (2003) , we use the birth-death process approach for practical considerations (see the footnote 4). Stephens' (2000) algorithm will be discussed briefly in the appendix.
Poverty Measures
We use the poverty measure proposed by Foster, Greer and Thorbecke (FGT) (1984) , as mentioned in Section 2.1. The continuous formulation of FGT is defined as
where Υ denotes a poverty line and υ = log Υ. The discrete formulation of FGT with sample size N corresponding to (20) is defined as
Applying the discrete formulation of FGT in (21) to Y it (i = 1, · · · , n; t = 1, · · · , T ), we define the sample FGT on Y at period t by
Ravallion's total, chronic and transient poverties on Y are written as follows:
Y it /T . Now, we define the total, chronic and transient poverties using the posterior results. First, we simulatex = [x 1 , · · · ,x T ] from its FCD and define the poverty measure based onx t at period t as follows:
Using Π x (υ : t), we define total poverty as follows:
Total poverty based on x:
Furthermore, we calculatex = T t=1x t /T and define chronic poverty as the FGT ofx:
Finally, we define transient poverty in a manner similar to (25):
The poverty measures based on y are also available from the predictive distribution. That is, we simulateỹ = [ỹ 1 , · · · ,ỹ T ] from p(ỹ|θ * ) and define a poverty measure at period t as follows:
Using Π y (υ : t), we define total poverty as follows:
Total poverty based on y:
We define the transient poverty based on y:
Transient poverty based on y:
The discrete formulation of FGT with sample size N defined in (21) converges to the continuous formulation defined in (20) as N → ∞. Therefore, we calculate the discrete formulations of (26) to (30) for a large number of N . Furthermore, since the values of (26) to (30) are obtained for each iteration in the MCMC simulation, statistical inference can be carried out on the three types of poverties.
Empirical Example
Model Specification and Data
For an illustration of our Bayesian approach, we use the Panel Study of Income Dynamics (PSID) for waves 21-26 (1988-1993) of family data. 9 There are 5, 371 records for the heads of family interviewed successively during the period, and we select 1, 532 records satisfying the following conditions from them : a) the record is for a head of family, b) the data for annual family income, family composition, and the number of children by sex and age are available, c) the family consists of a husband, a wife and a child/children, d) the family income in a record is greater than 1 and an exact value.
We use "total family money income" as family income, which is sum of the taxable incomes of the head and wife, total transfers to the head and wife, taxable prorated income of others, and total prorated transfers of others. Although it is common that heads in the records we pick up have a family that consists of a married-couple and a single child or children, family size can vary with the number of children. This raises a problem in how to compare the poverty of people whose family sizes are different, and thus we have to count how many adults a child or two children correspond to. Therefore, it is required that the per capita income be adjusted for the demographic differences to overcome such demographic difficulties. In order to calculate per capita income deflated by equivalence scale from family income, we use the following formulation for equivalence scale proposed by Citro and Michael (1995) :
where A is the number of adults in a family, K is the number of children, each of whom is treated as a proportion P of an adult, and F is the scale economy factor.
10 The values we use for both P and F are 0.7, as recommended in Citro 9 We use the data for 1988-93 to estimate poverty measures for 1988-92, since we need the income data for 1988-1992, but the PSID income data for a given year give data for the previous year.
10 See Citro and Michael (1995, p.161) .
and Michael (1995). The income for estimation is converted into real income using the Consumer Price Index (CPI).
11 Tables 1 and 2 show summary statistics and the correlation matrix of the data, respectively. From Table 2 , we can observe that the logarithms of the real income deflated by equivalence scale for the respective years are highly correlated. This fact justifies the formulation of a multivariate distribution of x in (6) or (9). Figure 1 shows the histograms of y = log Y for each year.
12 Table 3 shows the total, the chronic and the transient poverty in the data using the method in Ravallion (1988) . In this table, we use ζ = 0, 1 and 2, which correspond to the headcount ratio, the poverty gap and the squared poverty gap, respectively.
We set the hyperparameter values as follows:
where
The initial value of k is set as k = 1. For a large sample size N , the discrete formulation of FGT converges to the continuous formulation. We can simulate the samples with a large N from the posterior predictive distributions. We set N = 20, 000. The MCMC simulation was run for 40, 000 iterations and the first 10, 000 samples were discarded as a burn-in period. Table 4 shows the posterior results of β, σ 2 t and k. The CD denotes the convergence diagnostic statistic proposed by Geweke (1992) .
Posterior Results
14 The sixth column of Table 4 shows the p values for CD and the convergence of the posterior distribution would be confirmed from them. Further, the posterior mean and the 11 We obtained the data for the CPI from the web-site of the Bureau of Labor Statistics, U.S. Department of Labor (http://stats.bls.gov/).
12 The posterior results obtained afterward are generated by using DIGITAL Visual Fortran version 6.6 and all figures are drawn using Ox version 3.40 (Doornik 2001) .
13 These values are similar to those of Stephens (2000) . 14 The CD can be defined as follows: for the given sequence {g(j) | j = 1, 2, · · · , ns}, if the sequence is stationary,
andŜ A (0) andŜ B (0) denote consistent spectral density estimates. In this article, we set n A = 3, 000 and n B = 15, 000, and calculateŜ A (0) andŜ B (0) using Parzen windows with bandwidths of 300 and 1, 500, respectively.
standard deviation of the number of components in the mixture k is about 23.7 and 3.8, respectively. Using the following posterior interval (posterior mean − 2 × posterior standard deviation, posterior mean + 2 × posterior standard deviation),
roughly speaking, the number of components k varies from 16 to 31. Figure 2 shows the estimated densities of x. It seems that the densities fit the histograms of the data appropriately. Table 5 shows the result of sensitivity analysis to choice of hyperparameter values and to the number of distributions k in the mixture. In the table, the case (a) has the hyperparameter values given in (32). The other cases change the hyperparameter values as follows:
The cases (b) to (e) give the similar value of k as in the case (a). Therefore, whether κ and h are more informative or less informative does not affect the posterior results. The case (f) of more informative value of b = 0.2 gives smaller number of k than that in the case (a) (b = 0.002). The case (g) of λ = 3 gives larger number of k than that in the case (a) (λ = 1). This result is the same as a result in Stephens (2000, p.57) . Figure 3 shows the estimated densities of x in 1988 for the cases (b) to (g).
15 From this figure, we can observe that the estimated densities are very similar, although the estimated density of case (f) is slightly steeper than that of the case (a). Table 6 shows the posterior results for total, chronic and transient poverty. The higher the poverty line is, the higher the ratio of mean to standard deviation for the poverty measures (mean/sd) is. When the poverty line is higher than 3, 000, which is the minimal poverty line we set, all the ratios are higher than 2. The range of poverty line in the table is not unrealistic, because the actual poverty line in USA lies within the range we set, according to the web-site of US Census Bureau.
16 This implies that the estimated poverty measures are significant and our method is appropriate for measuring poverty. We compare the three types of poverty measure calculated by our method with those calculated by Ravallion's method. It is observed, according to Figure  4 , that the transient poverty calculated by Ravallion's method fluctuates and at some points jumps out of the posterior interval based on both y and x, when ζ = 0.
FGT poverty measures with ζ = 0 or 1 are well-known poverty measures: the headcount ratio and the poverty gap. However, it is pointed out by Kurosaki (2005) that these measures have faults in that they do not reflect the degree of poverty well, and that the adoption of the FGT poverty measure with ζ > 1 implies that the social planner is assumed to be risk-averse and inequality averse. Therefore, the FGT is often used as ζ = 2 (the squared poverty gap) in the literature of development economics.
17 Figure 5 shows the increment of the total and the chronic poverty measures by Ravallion's method defined as
where Π em F (Υ l ) and Π em C (Υ l ) are defined in (23) and (24), and L is the number of poverty lines. The total poverty and chronic poverty measures for ζ = 0 fluctuate more than for ζ = 1 or 2 in the figure. It is interesting that the chronic poverty measure, which ought to be constant or move stably, fluctuates according to the poverty line we assume when ζ = 0. These fluctuations cause the unstable movement of the transient poverty measures by Ravallion's method in Figure 4 . Figures 4 and 5 suggest that the headcount ratio (the case of ζ = 0) may not capture poverty sufficiently, especially transient poverty.
Concluding Remarks
As shown in Ravallion's seminal work, poverty can be decomposed into two components, chronic poverty and transient poverty. This article provided an alternative empirical method to measure them. Specifically, we proposed the Bayesian mixture model with an unknown number of mixtures developed by Stephens (2000) . Our Bayesian approach in this article has the following merits:
1. No additional data (i.e., IV) are required for the estimation of EIV.
2. The Bayesian model in this article permits heterogeneity in individual income by using the mixture model.
3. Unobserved incomes can be derived from the posterior results, and using them, we can use statistical inference on the total, chronic and transient poverties.
In our real example using the PSID data, the ratios of posterior mean to posterior standard deviation are fairly high for the actual level of the poverty line. Furthermore, in most cases the posterior intervals include poverty measures calculated using Ravallion's descriptive statistics. Regarding that Ravallion's method has been supported, it shows that the plausible poverty measures can be obtained by our method.
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